Abstract We assess the benefits of climate change mitigation for global maize and wheat production over the 21st century by comparing outcomes under RCP4.5 and RCP8.5 as simulated by two large initial condition ensembles from NCAR's Community Earth System Model. We use models of the relation between climate variables, CO 2 concentrations, and yields built on observations and then project this relation on the basis of simulated future temperature and precipitation and CO 2 trajectories under the two scenarios, for short (2021)(2022)(2023)(2024)(2025)(2026)(2027)(2028)(2029)(2030)(2031)(2032)(2033)(2034)(2035)(2036)(2037)(2038)(2039)(2040), medium (2041-2060) and long (2061-2080) time horizons. We focus on projected mean yield impacts, chances of significant slowdowns in yield, and exposure to damaging heat during critical periods of the growing seasons, the last of which is not explicitly considered in yield impacts by most models, including ours. We find that substantial benefits from mitigation would be achieved throughout the 21st century for maize, in terms of reducing (1) the size of average yield impacts, with mean losses for maize under RCP8.5 reduced under RCP4.5 by about 25 %, 40 % and 50 % as the time horizon lengthens over the 21st century; (2) the risk of major slowdowns over a 10 or 20 year period, with maize chances under RCP4.5 being reduced up to~75 % by the end of the century compared to those estimated under RCP8.5; and (3) exposure to critical or Blethal^heat extremes, with the number of extremely hot days under RCP8.5 roughly triple current levels by end of century, compared to a doubling for RCP4.5. For wheat, we project small or occasionally negative effects of mitigation for projected yields, because of stronger CO 2 fertilization effects than in maize, but substantial benefits of mitigation remain in terms of exposure to extremely high temperatures.
Introduction
An ability to quantify the impacts associated with climate change resulting from different emissions scenarios across a broad range of economic and environmental outcomes would be helpful for guiding climate policy. Of particular interest, especially for food insecure populations, are impacts on agricultural productivity. We use models of the relation between climate and CO 2 concentration on the one hand, and changes in crop yields on the other, to characterize the differential impacts on future agricultural productivity associated with two levels of forcings: those of RCP4.5 compared to those of RCP8.5 (VanVuuren et al. 2011 ). Here we focus on two major crops: maize and wheat. Other papers have looked at global impacts on agricultural productions under different future scenarios, generally finding less negative impacts under lower emission scenarios, but the effects of emission scenario versus other sources of yield variation are often unclear (Tubiello and Fischer 2007; Deryng et al. 2014; Rosenzweig et al. 2014) . Our study exploits the availability of two large initial condition ensembles for both RCP4.5 and RCP8.5, allowing the characterization of mitigation benefits even in the presence of large internal climate variability, which would otherwise confound the results. This paper is part of a larger project on the Benefits of Reduced Anthropogenic Climate changE (BRACE; O'Neill and Gettelman, this issue), which addresses many aspects of the changes in climate and impacts associated with these two pathways.
Our projected changes are based on empirically estimated linear relationships between climate and yields at the global level. Empirical models have been applied widely to both maize and wheat systems, at scales ranging from individual fields to the entire globe (Lobell and Field 2007; Tebaldi and Lobell 2008; Roberts 2009 and Gourdji et al. 2013a ). Here, we consider global impacts expected from temperature and precipitation changes by the end of increasingly extended periods covering the 21st century (20, 40 and 60 year periods starting from 2020). The choice of three different time horizons is consistent with the common approach of looking at short-, medium-and long-term impacts of climate change and is especially relevant when comparing the effects of two alternative scenarios, since, for many aspects of climate change and its impacts, significant differences between scenarios may take several decades to emerge from the time the forcing pathways separate (Tebaldi and Friedlingstein 2013) . In addition to characterizing expected impacts at these three times in the future, we analyze the impacts of changes expected in 10 or 20 year periods beginning from three different points during the 21st century: 2020, 2040 and 2060. Focusing on short time windows at different points along the future scenario trajectories highlights differentials in the rate of climate change, a relevant aspect since the ability to adapt is challenged not only by the magnitude of the changes confronted, but also by the pace at which they happen. Also, the statistical models used in this study are arguably better applicable to magnitudes of warming that occur over one or two decades rather than 40 or 60 years.
For the first type of impact analysis we focus on expected yield changes as overall distributions, while for the second type of analysis we focus on changes in the chances of large decreases in yield (5 and 10 % decreases per decade) following Lobell and Tebaldi (2014; LT14 hereafter) . In that study we defined changes of this magnitude as significant slowdowns in production, since these rates of decrease are close in magnitude to the growth in yields of about 10 % per decade that has been recorded over the last three decades (Lobell et al. 2011; Fischer et al. 2014) , thus would pose a significant threat to the supply needed to feed a growing world population.
Lastly, because crop models (whether based on statistical relationships or detailed plantlevel simulations) often fail to properly capture the impacts of extreme temperatures on crops (Teixeira et al. 2013; Gourdji et al. 2013b; Siebert et al. 2014; Deryng et al. 2014) , we consider differential changes in crop exposure to extreme heat. Even if we cannot translate the exposure to these temperatures into yield impacts, we think this characterization is important, not least in recognition of the fact that anthropogenically forced changes in extremes might eclipse changes in average climate in terms of both relative change and impacts on agriculture (SREX 2012) . We therefore present measures of exposure to days exceeding the critical thresholds of 35°C for maize and 34°C for wheat (based on values summarized in Hatfield et al. 2011 and used in Gourdji et al. 2013b) , and how they differ between the two scenarios over the 21st century. The choice of threshold is somewhat arbitrary. Studies vary in their estimates of temperatures above which complete failure of grain production occurs (e.g., for critical temperatures during maize flowering, a standard error of 1.3°C across four studies was reported in Sánchez et al. 2014) , and significant yield impacts can occur in wheat below these thresholds (Deryng et al. 2014) . Nonetheless, we propose these as useful benchmarks for assessing exposure to temperatures extreme enough to cause direct physiological damage to grains. Although these are often referred to as Bcritical^or Blethal^temperatures, it should be noted that because of variations in crop management and phenology only a fraction of plants in a field, or fields in a region, will be at the precise stage for which these temperatures are lethal to grains, so that a region exceeding a lethal temperature does not result in complete grain loss.
An important consideration when comparing emission scenarios for agricultural impacts is that crops are responsive to both climate changes and atmospheric CO 2 concentration increases. Thus, CO 2 levels under the two scenarios are a significant aspect of their differences in themselves (for example, the respective concentrations are 435 ppm vs. 450 ppm by 2030; 485 ppm vs. 540 ppm by 2050 and 525 ppm vs. 677 ppm by 2070) and that compels us to consider the effects of CO 2 fertilization. Here we use a response function for different levels of atmospheric CO 2 concentrations taken from the DSSAT4 models, informed by CO 2 enrichment experiments (Jones et al. 2003 , updated for C4 crops in 2012. See Table S1 ). Specifically, we multiply yields by the values shown in Table S1 to obtain yields with CO 2 fertilization effects. Although the DSSAT4 models use these coefficients to modify photosynthesis, rather than yields per se, the overall yield responses seen in the models are similar in magnitude. For example, Asseng et al. (2013) report that the median response to CO 2 of 26 wheat models across four sites was roughly 25 % at 660 ppm compared to 360 ppm, nearly identical to the response shown in Table S1 . Similarly, an intercomparison of 23 maize models at four sites found a median response of 7.5 % for a doubling of CO 2 (Bassu et al. 2014) , which is only slightly larger than the values in Table S1 . Thus, the CO 2 responses used here represent the typical magnitude of CO 2 effects seen in crop models, with a caveat that some experimental studies have suggested a slightly lower true response (Leakey et al. 2009; Long et al. 2006) . Also, although the DSSAT4 model includes a roughly linear response up to very high CO 2 levels, it should be noted that very few experiments have been done above 800 ppm and there is some indication that the response slows down considerably at the levels reached in RCP8.5 by 2080 (Amthor 2003) . Less contentious is the observation that C3 crops (like wheat) benefit in larger measure from CO 2 than C4 crops (like maize), which will lead to important differences between the benefits of emission reductions for the two crops in this study.
We underline here that our analysis projects impacts of future climatic changes which, in reality, will take place as agricultural development continues and will partially mask some of these effects. However, our use of an empirically estimated relation between climate and yields takes steps to control for the steady trend of progress in yields that has been observed over the last decades, due for instance to adoption of new cultivars and extension of irrigation. Thus, these types of gradual changes should be considered independent of our future projections, and, under the assumption that they would continue at a similar pace as observed in the last decades, our estimated effects would be superimposed on those. Our analysis cannot account for the possibility of radically novel adaptation measures that would make current vulnerabilities irrelevant in the future.
Methods and data
Climate scenarios for this study are based on output of the NCAR Community Earth System Model, CESM1-CAM5 (Hurrell et al. 2013 ) for temperature and precipitation under two emission scenarios, RCP4.5 and RCP8.5 over the 21st century. We exploit a large ensemble of 30 perturbed initial condition runs under RCP8.5 (Kay et al. 2014 ) and a similarly constructed medium ensemble of 15 runs under RCP4.5 (Sanderson et al., this issue) over the common period 2006-2080, so that differences in impacts under the two scenarios will be detected even in the presence of internal variability. Therefore, according to the BRACE project general design (O'Neill and Gettelman, this issue), our study addresses scenario differences accounting for the uncertainty that originates from different initial conditions, but not addressing uncertainties due to different climate models structural choices. Further work is desirable that will explore the robustness of our finding when other models are used, but we consider the opportunity of studying the effects of internal variability while controlling for model structural uncertainty worth documenting nonetheless.
For crop yield impacts we rely on the empirical model described in LT14 which uses observations of climate and yields, fitting a statistical relation after aggregating them at the global scale. Our approach models the relation between year-to-year changes in temperature and precipitation and year-to-year changes in crop yields as a linear regression. (Note that given the linear form, the same results would be obtained by fitting the relation to individual regions and then averaging the regional outcomes.) The use of yearly first differences eliminates the long term trend in the variables that, in the case of crop yields, is attributable to factors such as technology and CO 2 changes and would confound the effects of changes in mean climate. The linear regression uses FAO data (FAO 2013) for global maize and wheat yields, and HadCRU data (Morice et al. 2012) for global gridded monthly mean temperature and precipitation over the period 1980-2012. A single temperature or precipitation value for each year is derived as a weighted average over the specific regions where the crop is grown, with weights proportional to the fraction of harvested area within each cell (based on Leff et al. (2004) , see Figure S1 , left panels), and over a critical period of the growing season that is defined as both crop-and location specific in relation to the month of harvest (based on Sacks et al. (2010) , see Figure S1 , right panels): specifically, the last three months including the month of harvest for wheat, and the two months starting three months before harvest for maize (Lobell and Field 2007; Lobell and Tebaldi 2014) . Note that aggregating regions according to fraction of total production rather than harvested area would produce similar results: there is a correlation above 0.95 between the temperature values, and above 0.80 between the precipitation values derived according to the two weighting schemes, and the coefficients of the linear regressions are not significantly different from one another. Although a linear response is somewhat restrictive, we note that intercomparisons of process-based crop models show a roughly linear response of aggregate yields to warming up to a few degrees (Rosenzweig et al. 2014 ).
The wheat yield regression coefficients estimate a change in production of −6 % (standard deviation of 1.2 %) of the historical baseline for each degree of temperature warming, and a − 1 % (standard deviation of 0.7 %) for each increase of 10 % in average precipitation, consistently with other studies of the impact of warming temperatures on wheat productions (Asseng et al. 2015) . The maize yield regression coefficients are −7 % and +1.5 % respectively (with standard deviations of 1.5 % and 1 %). According to the estimates of the coefficients' standard deviations, accounting for the uncertainty in the statistical relation of observed yields and climate, the effects of precipitation changes are not statistically significant and this will be taken into account by our approach when, as in LT14, we randomly draw 500 values of the coefficients from Gaussian distributions with those means and standard deviations, and use the sampled values to derive our results. Figure S2 shows scatterplots of the observed year-to-year changes in yields vs. temperature and precipitation that go into our regressions.
The 500 resampled pairs of coefficients are then applied to temperature and precipitation changes over the 21st century as they are jointly (and therefore coherently in terms of their joint probability of occurrence) produced by each individual member of the two CESM ensembles. The simulated output is aggregated over regions and seasons using the same process described above, thus assuming no future changes in the distribution of cropland or timing of the season. Although several model projections of future changes in agricultural area have been made, with most models tending to predict a slight expansion (Schmitz et al. 2014) , the assumption of fixed area serves as a useful starting point. Moreover, given that most of the projected increases in area are in warmer regions of Latin America and Africa, our estimates could be viewed as conservative in predicting the future temperature increases for the global crop aggregates.
We first explore changes in crop yields due to temperature and precipitation changes derived on the basis of linear trends computed from the fixed date of 2020, but of an increasing length of 20, 40, and 60 years. We also apply the same type of analysis of LT14, where yield changes associated with 10-and 20-year trends in the two climate variables are quantified. We compute these latter type of changes, however, not only from the starting date of 2020, but also from two dates farther in the future, 2040 and 2060 ( Figure S3 through S9 show contour plots of temperature and precipitation outcomes from the two ensembles, for the different time windows considered, and aggregated over the two crop areas and seasons).
In all cases the impact model remains the linear regression estimated on the basis of historical observations. i.e., we assume that the linear relations between climate and yields remain constant over time. Values of the trends are transformed into absolute temperature and precipitation changes over the different periods considered, and plugged into the regressions, producing percent changes in yields. Our results should be interpreted as the percentage change in yields expected from the amount of climate change between an average year at the end point of the period and the climate in 2020. We estimate PDFs of these changes, encompassing initial condition uncertainty (i.e. the effects of internal variability) by using all the individual ensemble members, and accounting for uncertainties in the relation between climate and yields by using the 500 resampled values of the linear regression coefficients.
After deriving the effects of future changes in temperature and precipitation on global yields, we include the effects of CO 2 fertilization as a multiplicative effect using the values listed in Table S1 and linearly interpolating them for intermediate values of CO 2 concentration.
Finally, hot day occurrence and intensity is evaluated using bias-corrected output from the same ensembles (McGinnis et al. 2015; Oleson et al. this issue) . Since we based our previous analyses on changes computed as trends, and the bias-correction preserves the same horizontal resolution and the trends in the original model output by construction, our results would not be different had we used bias-corrected output for the whole study. We compute the total number of days when maximum temperature exceeds critical thresholds during the crop-specific and location-specific seasons, also recording the total number of degree days above those thresholds (labelled hereafter extreme heat degree days). We show maps of ensemble mean changes in hot days, thus averaging out the effects of internal variability, for a regional view of where avoided impacts are expected to be larger. We also aggregate the yearly results by the same weights we used in the regression approach, and show histograms of these values over the three 20-year windows: 2021-2040; 2041-2060 and 2061-2080. We tested the robustness of our results to the ensemble size by subsampling 15 members out of the 30 available under RCP8.5 multiple times and computing the same distributions. Since the results appear insensitive to using the whole ensemble or one of the same size as the RCP4.5 ensemble, we present results using all the runs available.
Results

Effects of changes over increasingly distant future time horizons
Results for maize show that impacts on yields become more negative as the projection length increases, under both scenarios, also when including CO 2 fertilization effects, as can be gauged from the set of curves along the left panels of Fig. 1 (See also Table S2 ). Mean changes under RCP4.5 go from −4.4 % to −8.4 % to −12.1 % as the projection length increases. The effects of CO 2 fertilization cut the magnitude of these mean losses by about 25 % (to −3.3, −6.4 and −9.9 %, respectively). Changes have a linear behavior as the horizon lengthens in RCP4.5, whereas the increase in their magnitude accelerates under RCP8.5. For this scenario losses go from −6.1 % to −14.0 % to −23.1 %. CO 2 fertilization produces increasing benefits as the horizon lengthens over the 21st century, mitigating those losses to −4.5 %, −11.2 % and −19.5 % respectively. In all cases however the benefits of mitigation remain substantial and significant, as the relative position of the PDFs in the three panels shows. Mean losses under RCP8.5 are reduced under RCP4.5 by about 25 %, 40 % and 50 % (as the time horizon lengthens) with and without the inclusion of the CO 2 fertilization effect.
For wheat, results are similar when CO 2 fertilization is not included. Negative impacts of climate changes become larger as the projection horizon lengthens: losses increase close to linearly under RCP4.5 from −4.6 % to −9 % to −12.9 % and faster for RCP8.5, going from −6.5 % to −14.9 % to −24.5 %. However, the inclusion of CO 2 effects changes the picture radically, not only reducing mean losses for both scenarios and all times, but also ultimately making RCP8.5 more beneficial than RCP4.5 by 2080. Mean losses for RCP4.5 over time are −1 %, −1.7 % and −4 %. The same losses for RCP8.5 remain constant over time at around −1 %. In fact, the 75th percentile of the distribution of changes for wheat production under RCP8.5 is always positive when including the effects of CO 2 fertilization, indicating a 25 % chance (or larger) of increases in yields under this scenario.
The different width of the distributions under RCP4.5 and RCP8.5 is also a robust feature across these periods, independent of the ensemble size at play.
Effects of short-term trends starting from different dates in the future
Next, similarly to the analysis in LT14, the effects of 10-or 20-year trends in temperature and precipitation are quantified, for three starting points in the future. Table S3 and Figures S9 through S11 show the behavior of the PDFs, similarly to Fig. 1 and Table S2 .
For maize the chances of losses larger than 5 % over a 10 or 20 year period remain significant even when CO 2 effects are included, under both scenarios (Fig. 2) . Under RCP4.5, however, those chances decline or stabilize after the first period considered, indicating that the pace of climate change decelerates or remains constant over the century (i.e., trends in temperatures, always positive, stay constant or become less steep as the century progresses and the rate of atmospheric CO 2 accumulation slows down). Arguably this should constitute an additional benefit from mitigation, creating smaller challenges for adaptation over time. The chances of 5 % losses over 10 (20) year periods are respectively 11 (25), 8 (15) and 8 (19)% under RCP4.5 and become 15 (43), 27 (80) and 35 (92)% under RCP8.5 (including the CO 2 fertilization effect). Therefore, for maize, the benefit of mitigations are significant, starting from the closest period, when the chances of a slowdown are smaller by 25 to 40 % under RCP4.5, and continuing along the century, when the chances are reduced by 70 to 80 %. This is a significant benefit, as under RCP8.5 the chances of such slowdown are more than 90 % by Fig. 1 PDFs of changes in crop yields due to 20-(top), 40-(middle) and 60-year (bottom) changes in temperature and precipitation from 2020. Left-hand plots: maize yield changes. Right-hand plots: wheat yield changes. PDFs of changes in the absence of CO 2 fertilization are in yellow for RCP8.5 and cyan for RCP4.5. PDFs of changes accounting for CO 2 fertilization are in orange for RCP8.5 and green for RCP4.5 the end of the century over a 20 year period. For wheat, the combined effects of climate and CO 2 are very unlikely to result in impacts more negative than 5 % per decade under both scenarios (Fig. 2, bottom panels) .
CO 2 fertilization makes the chances of a larger slowdown (10 % or more) significantly smaller for both crops: infinitesimal for wheat, but still sizeable for maize under RCP8.5, reaching up to12% by the middle of the century over 20 year periods, and almost 30 % by the end of the century. Benefits from mitigation are compelling therefore for this crop, since the same chances under RCP4.5 are close to zero. In the absence of CO 2 fertilization, chances of slowdowns are large across the board and the benefits of mitigation substantial for both crops, all periods considered, and both measures of slowdown ( Figure S12 ).
Exposure to hot days
Next, we quantify changes in exposure to hot days, defined as days when temperature exceeds 34°C for wheat and 35°C for maize. These thresholds have been widely identified as causing reproductive failure in individual plants, if experienced during critical periods within the growing season (Hatfield et al. 2011 ), yet are not incorporated into most yield projections. To the extent that the year-to-year differences in occurrence of these extreme heat events are correlated with the year-to-year differences in growing season mean conditions used in our statistical model, the yield impacts of these very hot days would already be accounted for in our projected yield impacts. However, this correlation appears to be low. For example, in the Fig. 2 Barplots of the chances of experiencing crop yield losses of a given magnitude (along the x-axis) due to 10 or 20-year trends in temperature and precipitation under RCP4.5 (green bars) or RCP8.5 (orange bars). Top: maize; bottom: wheat. Three panels are shown for each crop, using three different starting dates (2020, 2040 or 2060) for the trend computation. Figure S5 in the SI shows the corresponding results in the absence of CO 2 fertilization three 20-year time windows along the 21st century used in our analysis, it ranges between 0.01 for wheat, under RCP4.5 and 0.30, again for wheat, under RCP8.5 (maize's spans 0.03 under RCP4.5 to 0.21 under RCP8.5), suggesting that the effects of heat extremes cannot be subsumed within the yield sensitivities to changes in mean conditions. Although we do not attempt to translate extreme heat degree days to yield impacts, we note that other authors have assumed that yield loss increases proportional to accumulation of extreme heat measures when plants are blooming (Deryng et al. 2014) . Our definition of the crop-and location-specific growing season is already focusing on months considered critical to reproductive success, and we therefore count hot day occurrence and intensity over the same months.
Maps in Fig. 3 show differences in the ensemble-average change in the number of hot days for maize (left), and wheat (right) for three 20-year periods in the future, subtracting the number of days occurring under RCP4.5 on average from the number of days occurring under RCP8.5 on average (in order to ease the comparison between crops, we show the number of days as percentages of the respective growing season length since the number of hot days are counted over two months for maize and three months for wheat). Maps in Figures S13 and S14 Fig. 3 Maps of average differences in the number of days above 35°C during the critical growing season for maize (left) and above 34°C during the critical growing season for wheat (right) for three future periods (2021-2040; 2041-2060; 2061-2080) . Units are percentages of the length of the critical period of the growing seasons (2 months for maize, 3 months for wheat). All values above 40 % have been capped at that level. Areas where crops are not grown have been left blank. Shown are ensemble averages show absolute numbers of current hot days, using the period 1993-2012 for reference. Changes for 2020-2040 are for the most part similar for the two scenarios, and differences are generally within 5 % of the growing season length. Clearly however, already by mid century , results over large areas show RCP8.5 causing larger occurrences of such hot days compared to RCP4.5. Differences between 5 to 15 % of the growing season length appear in some areas of central US and Europe and even larger differences over parts of South America (note that if the region is blank, crops are not grown at that location). By 2060-2080 differences between RCPs are 5 to 15 % of the growing season in large portion of North and South America and Europe, with many locations showing differences above 15 % and some larger than 20 %. Figure 4 compares distributions across ensemble members, thus highlighting the effects of climate variability, rather than ensemble averages, of number of hot days for present (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) and the three future periods, aggregating the results over the whole growing regions for both crops. In both regions, histograms are shifting significantly to the right compared to the current distributions (shown in grey), for both scenarios considered. For maize, median values change from 4.6 days above 35°C in the present to 7.8, 12.0 and 18.7 under RCP 8.5. RCP 4.5 causes the medians to increase only to 6.8, 9.2 and 11.7 days per season respectively, clearly mitigating the exposure levels. For wheat the current median is 7.9 days above 34°C, and future values become 11.7, 16.7 and 24.4 days under RCP8.5 but only 10.9, 13.1 and 15.9 under RCP4.5. Figure S15 and S16 show corresponding histograms for total extreme heat degree days, again highlighting the much larger growth in intensity under RCP8.5 for both crop-growing regions. Median values for maize shift from 11.2 to 20.9, 35.1 and 62.0°days above 35°C under RCP8.5 but only to 18.0, 24.8 and 33.0 respectively under RCP4.5. Median values for wheat are currently 25.7 and are projected to grow to 39.4, 59.2 and 95.7 under RCP8.5. The growth is mitigated to median values of 35.7, 44.6 and 56.6 under RCP4.5. See Table S4 for additional statistics.
Discussion and conclusions
Our analysis of expected changes in global yields of two major crops finds that substantial benefits from mitigation would be achieved throughout the 21st century, in terms of reducing the expected size of average losses in productions, major slowdowns over short periods of time, and exposure to critical temperatures during key times of the growing seasons.
When comparing projections over increasingly long periods (20, 40 and 60 years), in the absence of CO 2 fertilization effects, mitigating climate change according to RCP4.5 rather than following RCP8.5 has beneficial effects for both crops and all time periods considered. However, the inclusion of CO 2 fertilization effects tempers these benefits. The C4 crop, maize, continues to show significant gains from mitigation, if of smaller size, while CO 2 fertilization of the C3 crop, wheat, generally cancels out the effects of mitigating climate changes in terms of mean yield impacts (ignoring yield effects of exceeding 34°C).
As far as the major slowdowns are concerned, the beneficiary from mitigation remains the C4 crop, which would experience both significantly reduced chances of slowdowns, and also a pace of climate change that under the lower scenario decelerates or plateaus over the century, facilitating adaptation. Effects of climate change on wheat are instead largely canceled by the effect of CO 2 fertilization, whose benefit grows over time under both scenarios, making mitigation benefits insignificant for projected yield trends. An important caveat here is that our model does not include potential adaptations, and mitigation would likely provide a better chance to adapt to the increased heat for wheat in RCP4.5 compared to RCP8.5, notwithstanding the higher benefits from CO 2 in the latter scenario.
To address known shortcomings in yield impact models, we also explicitly consider exposure to critical temperatures during the crop growing seasons. We examined both the number of days Fig. 4 Histograms of the area-weighted average number of days above 35°C (along the x-axis) during critical part of the maize growing season (60 days long) in top panels and above 34°C during critical part of the wheat growing season (90 days long). In all panels the grey histogram shows current values (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) ; the three panels show values for three time windows in the future (2021-2040; 2041-2060; 2061-2080) . RCP8.5, 30-member ensemble in orange; RCP4.5, 15-member ensemble in green. Y-axis units are empirical frequencies computed over the number of ensemble members when temperature exceeds critical thresholds, and the total number of degree days above these thresholds. For both these measures we find that exposure is significantly and dramatically reduced when following RCP4.5 rather than RCP8.5, with benefits becoming evident as early as mid-century. Both scenarios cause significant increases in exposure, but by the end of the century the number of hot days under RCP8.5 is roughly three times their current levels, while it only roughly doubles under RCP4.5. Degree days of exposure double with respect to current conditions under RCP4.5 but are still about 50 % fewer than those expected under RCP8.5.
Our study is largely based on extrapolating empirical relations, and is therefore subject to the caveats and limitation of any such statistical exercise, especially when effects over the longest time horizons are evaluated. By definition our analysis cannot include the effects of transformative adaptation measures, nor do we explicitly consider the benefits of the introduction and expansion of technologies like new cultivars and irrigation. Importantly, we do not account for land use change in response to climatic changes, which could put larger, or different, areas into production. From this perspective, our results could be considered pessimistic. On the other hand, nonlinearities are expected in the response of crops to warming above 2-3°C (Rosenzweig et al. 2014 ), which we do not model here; considerable uncertainties over the effects of CO 2 fertilization on crops exist, particularly for the highest concentrations reached under RCP8.5 at the end of the 21st century, while our functional form is a linear and nonsaturated trajectory; no interactions between CO 2 and temperature, such as the tendency for canopy temperatures to heat up under high CO 2 concentrations (Matsui et al. 1997) , are considered either. Also conservatively, our analysis does not model the effects of heat extremes or of other stressors that could significantly challenge crop productions like competition for water resources, pests, droughts or flooding events. These are eminently localized effects, and, more generally, our globally aggregated scales may smooth out some of those, only deriving aggregated results that will necessarily see regional variations within them. In this same special issue, Levis et al. use CLM to quantify differential impacts of the two scenarios on C3 and C4 crops by the end of the century. Even if those results are not directly comparable due to different spatial scales and assumptions about irrigation, their general findings are consistent in identifying large gains from CO 2 fertilization for C3 crops, with C4 crops benefitting more from mitigation.
